In super-resolution localization microscopy, e.g., stochastic optical reconstruction microscopy or photoactivated localization microscopy, a long acquisition time is required because of stochastic imaging nature, which limits its application in dynamic imaging for live cell. To overcome the limitation, one approach based on compressed sensing (CS) has been used in the previous reports. However, the imaging performance obtained by this method may be affected due to the use of interior point method (IPM). To address the problem, in this paper, we introduce an alternative CS reconstruction method and apply the recently developed YALL1 (your algorithm for L1 norm problems) method to super-resolution imaging model. Two types of numerical simulation experiments were performed to evaluate the performance of the proposed method. In case 1, the microscopy data from a single frame was simulated, which was used to evaluate the performance of YALL1 in single-emitter detection. In case 2, the dynamic microscopy data from a series of time points was generated, which was used to evaluate the performance of YALL1 in resolving fine structures. The results show that compared with the previous reported IPM method, the localization accuracy of super-resolution is improved by the proposed YALL1 method, even if there is high emitter density and noise in measurement data. In addition, the imaging time can also be reduced, because fewer imaging cycles are required for reconstructing the final super-resolution image by YALL1 method. Hence, the technique provides the potential in imaging fast cellular processes.
I. INTRODUCTION
Recently, super-resolution localization microscopy imaging techniques, e.g., stochastic optical reconstruction microscopy (STORM) or photoactivated localization microscopy (PALM), has been proposed and attracted wide interest [1] - [4] . By using single-emitter switching and localization, the imaging technique breaks the diffraction limit, making possible the observation of sub-cellular structures with nanometer resolution [5] - [8] .
Despite of these achievements, challenges remain in dynamic imaging for live cells. The main problem is that in STORM/PALM, the imaging time is mostly determined by the time required to accumulate enough single-molecule switching events. Hence, to obtain the nanometer spatial resolution, STORM/PALM requires acquisition of thousands of camera frame (a long acquisition time), which greatly limits its application in imaging fast cellular processes [9] - [11] .
To address the problem, an effective strategy is to increase the density of activated emitters in each camera frame. In STORM/PALM imaging processing, if it is possible to localize more activated molecules in each image frame, the total number of repeated imaging cycles will be reduced, leading to improved time resolution. However, the highdensity emitters will cause them to overlap, which makes it difficult in accurately resolving the localization of each emitter by using conventional single-molecule localization methods. To overcome this limitation, several methods have been proposed [12] - [17] . Among these methods, one powerful method is by using techniques from compressed sensing [17] . As demonstrated by Zhu et al. [17] , in their work, the high-density emitter localization task is transferred to an optimization reconstruction problem which is solved by interior point method (IPM). Based on this technique, they can analyze the emitter density of each camera frame by severalfold compared to the conventional location methods [17] , which opens a new way to STORM/PALM imaging.
However, in true biological applications, considering all kinds of experimental situations, the imaging performance obtained by CS reconstruction theory may be affected due to the use of IPM method [12] , [18] . Therefore, an effective and robust reconstruction method is of great significance for the improvement of STORM/PALM imaging performance. Recently, YALL1 (your algorithm for L1 norm problems) [19] has been proposed as an attractive method for effectively recovering signal from highly noisy measurements. At present, the method has been successfully used in analyzing optical coherence tomography (OCT) [20] , [21] and photoacoustic imaging (PAT) [22] . However, to our knowledge, YALL1 has not been applied in STORM/PALM.
To improve the imaging performance of super-resolution localization microscopy based on CS reconstruction theory, in this paper, we introduce an alternative method and apply YALL1 to STORM/PALM imaging model. To evaluate the performance of the proposed method, two types of numerical simulation experiments were performed. First, we evaluate the performance of the proposed YALL1 method in single emitter detection. In this case, the localization microscopy data from a single frame but with variable emitter density and signal to noise ratio (SNR) were generated and used. Second, the dynamic microscopy data from a series of time points were generated, which was used to evaluate the imaging performance of YALL1 in resolving fine structures. Here, the line shape structures were generated and used to mimic thin actin filaments in cell samples [12] . The results show that compared to the previous reported IPM method, the localization accuracy and identified efficiency of emitter can be improved by using the YALL1 method. In addition, the fine structures can also be accurately resolved by the proposed method, even if there is high emitter density and noise in the measurement data. On the other hand, it was worth noting that the imaging time of super-resolution can also be greatly reduced because the proposed YALL1 method can be used to analyze images with higher emitter density. As a result, fewer imaging cycles are required for reconstructing the final super-resolution image. The technique provides the potential in imaging fast cellular processes.
The paper is organized as follows. In Section II, the methods used are described, including the STORM/PALM imaging model and YALL1 reconstruction method. In Section III, the experimental materials and results from numerical simulation are shown. Finally, we discuss the results and draw conclusions in Section IV.
II. METHODS

A. SIMULATE STORM/PALM INPUT DATA
Based on the imaging theory, point spread function (PSF) can be used to describe the response of optical imaging system to individual emitter [23] . Generally, PSF can be well approximated by 2-D Gaussian function [12] - [17] . So, the theoretical signal f ij in pixel (i, j) at focal plane can be described as follows,
where θ x and θ y represent x and y coordinates of emitter, A is the amplitude, and ω is the width of Gaussian kernel. Considering the influence of noise, the observed signal ξ ij in detector plane can be further described as follows,
where n b represents the background noise. Poisson(x) is a Poisson random number with a mean x, which is used to depict the influence of photon shot noise. Assuming that each emitter contributes independently to the observed signal, the signal from N emitters can be calculated by summing over all N emitters, as follows,
where the index k represents the kth emitter. N is the total number of emitters in each image frame.
To simulate the behavior of emitter in the whole imaging course of STORM/PALM, the emitter blinking behavior is modeled as a time-continuous Markov process between a dark state and a bright state. Based on the description in [24] , [25] , the finally observed signal ij at time t can be described as follows,
where t on denotes the time which emitter is in bright state; t off denotes the time which emitter is in dark state.
B. STORM/PALM IMAGING USING CS
As mentioned above, to improve the imaging time of STORM/PALM, an effective strategy is to increase the density of activated emitters in each camera frame. However, the high-density activated emitters will cause them to overlap, making it difficult in accurately resolving the localization of each emitter by the conventional single-molecule localization methods [12] , [13] . Compressed sensing (CS) provides the feasibility for addressing the problem. Briefly, based on CS theory, if the original signal is sparse or can be sparsified using a known transformation, it can be recovered from highly noisy measurement data [26] . Based on this theory, when CS is applied to STORM/PALM imaging model, the measurement data corresponds to a camera image. The sparse signal corresponds to the true emitter distribution. VOLUME 6, 2018 In STORM/PALM imaging processing, the sparsity of signal is true, because the stochastic switching nature ensures that emitters are only sparsely activated in each camera frame. Hence, CS technique can be used to recover the emitter positions even with spots overlap in camera frame. Referring to [17] , there is linear relationship between the observed camera image and the true emitter location (i.e., the reconstructed super-resolution image). Mathematically, this relationship can be described as follows,
where A is a matrix constructed from PSF of the imaging system. The ith column of A corresponds to the acquired camera image, where only one emitter emits photons at position i [17] . corresponds to the experimentally observed image (i.e., the acquired camera image). θ corresponds to the reconstructed super-resolution image (i.e., the true emitter distribution) with elements representing the brightness of emitters.
The goal of the super-resolution reconstruction is to obtain θ by solving Eq. (5). After reconstructing θ in each camera frame, the final super-resolution image is generated by summing from all reconstructed θ .
C. YALL1 RECONSTRUCTION METHOD
In previous work, Eq. (5) was solved using interior point method (IPM) [17] . However, as mentioned above, the IPM may be not the most efficient method to solve this minimization problem. To address the problem, in this paper, YALL1 method is used.
Briefly, YALL1 is based on the alternating direction method (ADM). By applying YALL1 method to STORM/PALM, Eq. (5) can be transformed to solve the following optimization problem,
where · w,1 is a weighted L1 norm which is defined as
The weighted vector, w explains the difference of the total contribution to the camera image from one emitter at different locations. The value of w i is the summation of the ith column of A. λ is the regularization parameter. By using a variable r to substitute − Aθ, Eq. (6) is transferred to the following equivalent format, min θ>0,r λ θ w,1 + r 1 : Aθ + r = .
With
θ λ,r = λθ r , Eq. (7) is rewritten as follow,
After that, the ADM method is applied to solve the dual of Eq. (8) and the dual of the transformed problem is given by,
where B w r = ξ ∈ C : ξ j ∞ ≤ w r j with ξ being a formal parameter. y is the multiplier, and the superscript of T denotes the conjugate transpose operator. By introducing z = A T λ y, the corresponding optimization of Eq. (9) has the following augmented Lagrangian problem form,
where β > 0 is the penalty parameter. Finally, the method produces iterations as follows,
where P represents an orthogonal projection onto a closed set denoted by the subscript and γ is a constant parameter. The more information on the derivation can be referred in [19] .
D. QUANTITATIVELY EVALUATE
To quantitatively compare the STORM/PALM imaging performance obtained by the proposed method (YALL1) and the previous method (IPM), two quantitative parameters are used in this paper. One parameter is the identified emitter density, which is related to the number of the identified emitters in a reconstructed super-resolution image. To effectively count the number of the identified emitters, the super-resolution image produced by YALL1 and IPM methods need to be converted into a list of emitter positions. The second parameter is the localization error, which is defined as the median Cartesian distance between the reconstructed emitter position and the nearest true emitter position. More detailed information on the two quantitative parameters can be referred in [9] and [17] .
In this paper, YALL1 method is implemented in Matlab 7.3 (MathWorks, Inc., Natick, MA, USA). The interior point method is implemented by the freeware package CVX [27], which can be download from http://cvxr.com/cvx.
III. MATERIALS AND RESULTS
To evaluate the performance of the proposed method, two types of numerical simulation experiments were performed. In case 1, the localization microscopy data from a single frame was generated, which was used to evaluate the performance of the proposed YALL1 method in single emitter detection. In case 2, the dynamic microscopy data from a series of time points was generated, which was used to evaluate the resolving capability of the proposed method to fine structures. 
A. CASE I: SIMULATE AND RECONSTRUCT MICROSCOPY DATA FROM A SINGLE FRAME 1) NO-NOISE SCENARIOS
Firstly, we evaluate the performance of the proposed YALL1 method in single emitter detection by the synthetic non-noise data. Fig. 1(a) shows the simulated microscopy data. Here, 40 emitters were randomly positioned in a 32×32 camera pixel region, excluding a small border at the image corners. The pixel size was set to 100 nm. Based on Eq. (4), a Gaussian PSF was used to convolve the signal from each emitter, where the standard deviation of the Gaussian function was set to be 1 pixel. The photon count for each emitter was set as 3000 to approximate the experimentally measured number of photons. All emitted photons from each emitter were assumed to be detected completely by camera detector. Note that the synthetic microscopy data do not contain any kind of noise in this simulation.
Figs. 1(b) and (c) show the super-resolution images reconstructed by IPM and YALL1 methods, respectively. The red crosses in Fig. 1 depict the true locations of the emitters. Figs. 1(d)-(j) show the zoom-in of the area outlined by the yellow regions in Figs. 1(b) and (c). The experimental results show that although the emitters overlapped, almost all of the emitters could be identified by the two reconstruction methods. But, compared to IPM method, the imaging performance obtained by the proposed YALL1 method can be improved, where the emitters can be more accurately resolved (see Figs. 1(d)-(j) ).
Further, to make a fair comparison with the two reconstruction methods in resolving the overlapped emitters, we quantitatively compare the identified efficiency of emitter and location error. In these scenarios, a series of localization microscopy data was simulated, where the emitter density varied from 0.0976 to 5.762 emitters/µm 2 to simulate the true biological application conditions. Here, the emitter density was controlled by placing different number of emitters (1, 5, 10, 15, 20, 25, 30, 40, 45, 54 , and 59) within the camera image. Note that noise was still not contained in the synthetic data. Fig. 2 compares the identified emitter density obtained by the two methods, where the red line represents the identified results by YALL1 method and the blue line represents the identified results by IPM method. Fig. 3 shows the localization errors obtained by YALL1 (the red line) and IPM (the blue line) methods, respectively. The experimental results indicate that the identified efficiency and the localization error obtained by the proposed YALL1 method is better than that obtained by the previous IPM method, whatever emitter density is low or high.
2) NOISE SCENARIOS
Secondly, to simulate the true biological experiments, we further evaluate the effect of noise on the proposed VOLUME 6, 2018 FIGURE 4. The simulated microscopy data with varying SNRs and emitter densities. In the first row, 25 emitters (0.2441 emitters/µm 2 ) were randomly distributed in camera image, with SNR values ranging from 9.3 to 14. In the second row, the microscopy images were generated with fixed SNR (10.5) while the emitter density varied from 0.976 to 2.929emitters/µm 2 . These data sets were generated by using the same parameters with the above no-noise conditions, expect that the noise was added to the synthetic data. YALL1 method in single emitter detection, which is achieved by analyzing a series of the simulated microscopy data sets. Fig. 4 shows the simulated microscopy data with varying SNRs and emitter densities. Here, SNR value was varied from 9.3 to 14, and emitter density was varied from 0.976 to 2.929 emitters/µm 2 , which largely covered the range of experimental conditions encountered in STORM/PALM imaging. The corresponding settings for the simulation are summered in Table 1 . For all scenarios, the data sets were generated by using the same parameters with the above no-noise conditions, expect that the noise was added to the synthetic data. Briefly, in these scenarios, different number of background photons was added to the camera images, and then the image was corrupted with Poisson noise. Fig. 5 compares the reconstructed super-resolution images obtained by YALL1 and IPM methods, where the synthetic microscopy data was generated with 2.441 emitters/µm 2 and 10.5 SNR. Fig. 5(a) shows the simulated microscopy data. Comparison of the percentage of the identified emitters by YALL1 and IPM methods. Here, the simulated data sets for the reconstruction were generated with different emitter densities (0.976 ∼ 2.929 emitters/µm 2 ) and SNRs (9.3∼14).
TABLE 2.
Comparison of the localization errors obtained by YALL1 and IPM methods. Here, the simulated data sets (i.e., the input data of the two reconstruction methods) are generated with varying emitter densities and SNRs.
the reconstruction were generated with the varying emitter densities from 0.976 (10 emitters) to 2.929 (30 emitters) emitters/µm 2 . The 1st column of Fig. 6 shows the simulated microscopy data, where different (10, 15, 20 , and 30) emitters were randomly distributed in camera pixel region. For all scenarios, SNR was set as 10.5. The 2nd and 3rd columns of Fig. 6 show the super-resolution image reconstructed by IPM and YALL1 methods, respectively. The experimental results show that compared to IPM method, the imaging performance can be improved by YALL1 method, especially when the emitter density is high. As shown in the green arrows in Fig. 6 , some emitters cannot be effectively indentified by IPM method. Fig. 7 and Table 2 quantitatively compare the localization accuracy and identified efficiency of emitters obtained by YALL1 and IPM with different emitter densities (0.976∼2.929 emitters/µm 2 ) and SNRs (9.3∼14). It is important for evaluating the overall performance of the proposed method in single emitter detection. The experimental results show that YALL1 can more accurately identify the activated emitters than IPM method under all scenarios, indicating the ability of YALL1 to accurately process measurement data with a large range of emitter densities and noise levels. The performance is a key advantage for its application in STROM/PALM imaging.
B. CASE II: SIMULATE AND RECONSTRUCT MICROSCOPY DATA FROM A SERIES OF TIME POINTS
To demonstrate that the proposed YALL1 method works well for a real imaging application, in Case II, we focused on evaluating the capability of YALL1 in resolving fine structures. As shown in Fig. 8(a) , 4 line structures were generated, which was used to mimic thin actin filaments in real biological samples [12] , [24] . Fig. 8 shows the simulated microscopy sequence from the different frames (time points). The 1st row of Fig. 8 shows the true locations of the emitters at different time points. In contrast, the 2nd row of Fig. 8 shows the simulated microscopy data at the above time points. In the simulation, the synthetic microscopy image sequence was generated by placing 1500 emitters randomly within all line structures. The image array size was set to 32 × 32 pixels, occupying a total area of 6.45 × 6.45 µm 2 . Note that in a STORM/PALM experiment, the number of photons detected from each emitter varies greatly owing to the stochastic imaging nature. Referring to [24] , we use a Poisson probability-density distribution with an average photon number 3000 to approximate the experimentally measured number of photons. Similarly, a background photons 100 was also added. In addition, referring to [24] and [25] , in the dynamic imaging processing, emitter behavior was modeled as a time-continuous Markov process between a dark and a bright state, respectively. In this simulation, the average time of the on state was chosen to be 3 ms, and the average time of the off state was chosen to be 500 ms, but not synchronized with the simulated acquisition time intervals. A series of 80 frame images were finally generated, which was used for characterizing the performance of the proposed method in resolving fine structures. Fig. 9 compares the super-resolution imaging performance in resolving fine structures. To generate the final VOLUME 6, 2018 super-resolution image, here, the all simulated microscopy images (total in 80 frame) were used as the input data of the YALL1 and IPM methods. After reconstructing each frame, the final super-resolution image was obtained by summing from all reconstructed results. The green arrows in Fig. 9 highlight the differences between the two methods. The results indicate that compare to IPM method, more accurate structure information can be acquired by the proposed YALL1 method.
Further, we evaluate the effect of noise on the imaging capability of the proposed YALL1 method in resolving fine structures. Here, the microscopy data sequence were generated by using the same parameters with those used in Fig. 8 , expect that different number of background photons (70, 100, 150, 200, and 250) was added in camera region. Fig. 10 shows the reconstructed super-resolution results obtained by YALL1 method, incorporating the above different noise sequences. The results indicate that the accurate structure information can be resolved by YALL1 method, Finally, we evaluate the effect of frame number on the imaging capability of YALL1 in resolving fine structures. In the scenarios, YALL1 method was performed by using 20-frame, 30-frame, 40-frame, 50-frame, 60-frame, and 70-frame image sequences as the input data of reconstruction. These different frame image sequences were acquired from the image sequence shown in Fig. 8 . Fig. 11 shows the corresponding super-resolution reconstruction results. These results indicate that the imaging performance of the proposed YALL1 method in resolving fine structure gradually decrease with decreasing frame number. However, we can also observe that the true pattern (4 line structures) can be resolved by the proposed YALL1 method, even if only using the 20-frame measurement sequence. It means that the imaging time of super-resolution can be greatly reduced, because only fewer imaging cycles are required for reconstructing the final superresolution image.
IV. DISCUSSION AND CONCLUSION
Super-resolution localization microscopy imaging techniques, e.g., STORM/PALM, offer nanometer spatial resolution, but they are not always suitable for dynamic live cell imaging due to the limited time resolution. To overcome the limitation, an effective approach is to increase the density of activated emitters in each camera frame. However, the high density of emitter will makes it difficult to resolve the localizations of emitters by the conventional single-molecule localization methods. For the reason, compressed sensing has been used for STORM/PALM imaging, offering better emitter identification performance than the conventional fitting methods at higher emitter density. Although that, the imaging performance obtained by this approach may be limited due to the use of interior point method. In this paper, we introduce an alternative CS reconstruction method and apply YALL1 to STORM/PALM imaging model to further improve the imaging performance of super-resolution localization microscopy.
Based on the reconstructed super-resolution images from a single frame, it can be seen that the performance of the proposed method (YALL1) in single emitter detection can be improved compared with the previous reported IPM method, even if the simulated microscopy data contains a high noise level and a large range of emitter densities (see Figs. 1-3 , Figs. 5-7, and Table 2 ). The performance is a key advantage for its application in STROM/PALM imaging. In addition, we also demonstrated the capability of the proposed YALL1 method in resolving fine structures by using the dynamic microscopy imaging sequences, where 4 line structures can be more accurately resolved by YALL1 method, compared to IPM method (see Fig. 9 ). Further, we evaluate the effect of noise and frame number on the imaging capability of YALL1 in resolving fine structures. The experimental results indicate: 1) that we can resolve the accurate structure information by the proposed YALL1 method, even if high noise exists in the camera images (see Fig. 10 ); 2) that 4 line structures can be resolved by the proposed method, even if only using the 20-frame microscopy sequence (see Fig. 11 ). It means that the imaging time of superresolution can be greatly reduced, because only fewer imaging cycles are required for reconstructing the high spatial resolution super-resolution image. Based on the above results, we believe that the proposed YALL1 method provides an attractive method for dynamic STORM/PALM imaging study.
It should be noted that in this paper, the obtained superresolution reconstruction results are based on a basic assumption that the activated emitters are sparsely distributed in imaged object. As a result, the sparse/compressible property of emitter is critical for the imaging quality of the STORM/PALM reconstruction. In addition, our experiments are performed based on a numerical simulation, which is simpler than in vivo experimental study. Further, we have to admit that in this paper, the super-resolution image is obtained by 2-D reconstruction. 3-D super-resolution imaging is not implemented. Finally, the imaging matrix A is key to superresolution image based on CS. Therefore, it is possible to further improve the super-resolution imaging performance by modifying the matrix. Systematic studies will be investigated in our future work.
In conclusion, by applying YALL1 method to STORM/PALM imaging model, we have demonstrated that the imaging performance (single emitter detection and resolving fine structures) obtained by the proposed method (YALL1) can be improved, compared with the previous reported IPM method. Future works will be focused on applying the proposed YALL1 method to image fast cellular processes. 
